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Abstract 
Urban mobility is rapidly evolving in recent years with the flourish of ridesourcing. 
This new generation transportation offers more convenient options for point to point trips but 
at the same time generates more conflicts between pedestrians, cyclists, transit and other 
vehicles. This study discussed how streets adapt to new generation transportation based on 
3,128,027 ridesourcing trips in Xi’an, China. I first identified ridesourcing’s pick-up and 
drop-off hot-spots in Xi’an using DBSCAN and Getis-Ord Gi statistics, and then analyzed 
hot-spot locations from the street scale. I found hot-spots in Xi’an mainly located on the 
city’s main axis and Ring Roads surrounding by five different land use types. Finally, a 
ridesourcing pick-up and drop-off design in highly mixed land use area was showcased. 
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1. Introduction 
Since 2010, a number of private companies have entered the transportation services 
market by offering new travel options that use digital technology to provide an on-demand 
and highly automated private ride service. This kind of company was first defined in 2013 by 
the California Public Utilities Commission as Transportation network company (TNC). To 
better convey the information of TNC’s technology – a platform used to “source” rides from 
a driver pool, the term of ridesourcing is more frequently used in the academic field (Shaheen 
S, et al, 2017). But industry field often uses “ride-hailing” to describe the service offered by 
TNCs. In this paper, I refer to Didi Chuxing as TNC and use ridesourcing for Didi Express 
and premier drivers’ service.  
TNCs have expanded rapidly in cities worldwide. The most well-known of the 
transportation network companies, may be Uber and Lyft in the United States, and Didi 
Chuxing in China. Actually, TNCs’ history isn’t that long. Uber first came onto the scene in 
2009 launched by Garrett Camp. By the summer of 2012, UberX was introduced, allowing 
people to drive for Uber using their own vehicles, subject to meeting certain vehicle standards. 
After beta testing in the SF bay area, Uber launched UberPOOL – an option to carpool with 
the same app – in the summer of 2014. Later that year, Uber launched UberEats to deliver food 
to consumers (Movmi, 2018).  
DiDi Chuxing – now the second largest transportation network company in the world 
– was founded in June of 2012, an app for consumers to request taxis for immediate pick up 
and later allowing consumers to reserve taxis for the next day. Today Didi is one of the major 
taxi apps in China, with over 100 million users in more than 300 cities. In 2017, there are 7.43 
billion mobile travel services provided by Didi in China, which is equivalent to an average 5 
times using Didi service per people per day. 
Urban mobility is rapidly evolving in recent years with the flourish of ridesourcing. As 
these services become more widespread, more concerns have been raised about ridesouring’s 
influence on traffic congestion, single-occupancy vehicle trips, public transit ridership and so 
on. Some studies find that ridesourcing brings more cars into city centers and thus worsens 
congestions. Some think ridesourcing might reduce private car ownership via altering people’s 
travel preference, while others argue ridesourcing has no impact on car ownership. Moreover, 
ridesourcing poses interesting questions regarding its relationship with public transit. One the 
one hand, it improves urban efficiency when it complements public transit during late night 
hours and weekends, and when it substitutes certain transit routes in low-density areas with 
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lower costs. On the other hand, it also reduces transportation efficiency when it competes with 
public transit during rush hours in high-density areas (Scarlett T. 2019).  
This paper focuses on ridesourcing’s pick-up and drop-off locations (PUDOs).  I first 
used Didi’s trajectory data to find out hot-spots of PUDOs because transportation in these 
places is more likely affected by TNCs' service, and then picked seven hot-spots and 
categorized them into five types based on their surrounding facilities. Finally, from a street-
level scale, I did a more detailed analysis based on street view images, and satellite images 
including land use, road sections, parking space, traffic flow.  
I believe that this study has three major contributions. First the TNC services have 
dramatically increased in China in the last four years. It significantly changed the traditional 
travel pattern for China, especially in big cities like Xi’an. However, most cities have not 
prepared for such changes either politically or physically. This study will offer 
recommendations for Xi’an TNC services to mitigate the potential issues for future 
transportation. Second, the recommendations for Xi’an are summarized into guidelines to offer 
more generalizable advice for other cities facing the challenges of increasing TNC services. 
Third, I believe the study is an initial example of the new era urban street transition of adapting 
the new technologies.  
There are more and more innovations are happening in transportation systems. The new 
travel mode such as shared transportation and autonomous vehicle (AV) is highly likely to 
become part of our life in the future city. The renovation guideline proposed in this study for 
the TNC services can also be utilized for future street design for the AV and shared 
transportation. 
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2. Literature Review  
2.1 Applications of Trajectory Data in City Studies 
Trajectory data discovers and visualizes available structure in movement patterns of 
mobile objects and has numerous potential applications in traffic control and urban planning. 
Therefore, scholars have been utilizing trajectories data to do research in various fields. 
Based on GPS trajectories, Zheng Y(2015) introduces applications in human activity 
recognition, driving, and location-based social network. Zheng Y (2011) also detects flawed 
urban planning using the GPS trajectories of taxicabs traveling in urban areas. The results 
evaluate the effectiveness of the carried out planning, such as a newly built road and subway 
lines in a city. Yang (2018) constructs a trajectory network based on GPS to analyze Xi’an 
taxi trip, reveals urban resident activities’ spatial characteristics, movement rules and the 
mutual influence of urban functions’ spatial layout and resident activities. Wang Z (2013) 
presents an interactive system for visual analysis of urban traffic congestion based on GPS 
trajectories. Yang L (2017) presents the space-time trajectory cube as a framework for 
dividing and organizing the trajectory space in terms of three dimensions (origin, destination, 
and time). 
Other research focuses on trajectories data processing and managing. Moein G (2014) 
propose a method for achieving anonymity in a trajectory database while preserving the 
information to support effective passenger flow analysis. Zahedeh Izakian (2016) proposes an 
automated technique for clustering trajectory data using a Particle Swarm Optimization 
(PSO) approach. Su H (2015) pioneers a systematic approach to trajectory calibration that is a 
process to transform a heterogeneous trajectory dataset to one with (almost) unified sampling 
strategies. Khaing Phyo Wai (2017) proposes a method to measure trajectory similarity based 
on both geographical features and semantic features of motion. And the proposed methods 
are practically evaluated by using real trajectory dataset. Liu Y (2012) constructs a model that 
integrates both the geographical heterogeneity and distance decay effect, to interpret the 
observed patterns. Wang Zuchao (2014) presents a visual analysis system to explore sparse 
traffic trajectory data recorded by transportation cells. The system checks how traffic 
congestion on one cell is correlated with traffic flows on neighboring links, and with route 
selection in its neighborhood.  
All previous literature demonstrate that trajectory data has great advantages in finding 
out urban transportation problems and reveal resident activities. In addition, there are lots of 
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potential for trajectory data manipulation. Therefore, I choose to use big trajectory data to 
detect Xi’an potential traffic hot-spots and analyze data with different methods to make the 
result more convincing. 
  
2.2 Influence of Ridesourcing on Urban Transportation  
As an integral part of the new emerging transportation, what kind of impacts does 
ridesourcing have on urban transportation? Many researchers focus on equity and urban 
transportation efficiency (Scarlett T. Jin, et al, 2019). In terms of urban equity, some research 
showed Uber offered cheaper and faster services than taxis in low-income neighborhoods in 
Los Angeles (Smart et al, 2015), but others think TNCs’ require of user’s credit card excludes 
the financially underserved population (National Academies of Sciences, Engineering, and 
Medicine, 2016). Some studies conclude that younger, better-educated people are more likely 
to use ridesourcing (Clewlow & Mishra, 2017; McGrath, 2015; Rayle et al., 2016; and A. 
Smith, 2016). Uber and Lyft are also criticized for their gender and racial discrimination (Ge, 
Knittel, MacKenzie, et al. 2016). But some data shows they extend reliable car access than 
taxi (Brown, Anne E, 2018) 
For ridesourcing’s impacts on urban efficiency, Henao and Marshall (2018) argued 
ride-hailing leads to approximately 83.5% more VMT than would have been driven had ride-
hailing not existed, but ride-hailing passengers tended to have lower car ownerships rates 
than average. Zhengtian X (2017) investigated the idea of providing parking spaces for those 
vacant e-hailing vehicles, allowing them to park while waiting for online dispatches. They 
conclude a time-varying optimal parking provision can balance between reduction of cruising 
for ridesourcing vehicles and capacity drop of the road system. Qida S and David Z (2018) 
investigate the morning commute problem with bottleneck congestion and parking space 
constraints in the presence of ridesourcing service. They also explore the optimal supply of 
parking spaces and ridesourcing services to manage the commute traffic best.  
Although lots of studies have analyzed ridesourcing’s impacts on urban 
transportation, few of them focus particularly on ridesourcing’s PUDO spatial clustered areas 
and explore how cities might adapt to ridesouring through street-level design. 
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3. Data and Proposed methodology  
3.1 Study Area 
Due to the availability of data from Didi, I choose Xi’an as my study area. Xi’an is the 
largest city in northwest China. It is one of the oldest cities in China and the oldest of the Four 
Great Ancient Capitals, having held the position under several of the most important dynasties 
in Chinese history, including Western Zhou, Qin, Western Han, Sui, and Tang. Because of the 
long history, Xi’an’s road network still maintains the grid pattern as it was in Sui and Tang 
dynasties. Today’s Xi’an has re-emerged as an important cultural, industrial and educational 
center of the central-northwest region. 
Xi’an has eleven districts and two counties (see picture 1). My study area is within the 
Second Ring Road of Xi’an, as shown in red dashed line in picture 2. It is the center of the city 
containing the whole Beilin district and part of Xincheng, Lianhu and Yanta districts. The area 
is 100 square kilometers with high density of population (see Table 1). Four subway lines run 
through the area. There are ten universities within this area, including famous Xi’an Jiaotong 
University. 
 
 
Picture 1: Xi’an Administrative Divisions (Source: Wikipedia) 
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Picture 2: Study Area 
 
Table 1: Population and Density by district in 2011 
District Total Population Percentage Population Density (Persons/km2) 
Xincheng 589,739 6.96 19,574.51 
Beiling 614,710 7.26 26,298.54 
Lianhu 698,513 8.25 18,226.61 
Yanta 1,178,529 13.92 7,782.38 
（Source: National Bureau of Statistics of People's Republic of China on Major Figures of the 2010 Population Census)  
 
3.2 Data 
Trajectory data is from DiDi Express and DiDi Premier drivers within the Second Ring 
Road of Xi'an City. The data range is from October 1st to October 30th, 2016. The geospatial 
coordinates of the four corners of bounding box are [108.92309, 34.279936], [109.008833, 
34.278608], [109.009348, 34.207309], [108.921859, 34.204946]. The measurement interval of 
the track points is approximately 2-4 seconds. The track points were bound to physical roads 
so that the trajectory data and the actual road information are matched. The following table 
shows the data structure: 
Table 2: Cleaned Raw Data provided by Didi 
Field Type Sample Comment 
Driver ID String glox.jrrlltBMvCh8nxqktdr2dtopmlH Anonymized 
Order ID String jkkt8kxniovIFuns9qrrlvst@iqnpkwz Anonymized 
Time Stamp String 1501584540 Unix timestamp, in seconds 
Longitude String 104.04392 GCJ-02 Coordinate System 
Latitude String 104.04392 GCJ-02 Coordinate System 
 
After cleaning the 700 million data, there are 3,128,027 trips. Variables include driver 
ID, order ID, start latitude, start longitude, start time, end latitude, end longitude, and end time. 
 
3.3 Methodology 
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Because transportation in hot-spots of PUDO locations is more likely affected by 
ridesourcing service, I use two different methods to identify these hot-spots – Density-Based 
Spatial Clustering of Applications with Noise (DBSCAN) and Getis-Ord Gi* Statistic 
Analysis tool. Both methods have their own advantages. The Getis-Ord Gi* Statistic Analysis 
tool is better to identify “point” type cluster that the points is accumulated at a very small 
spatial spot location, while the DBSCAN is a method better to identify non-point shape 
cluster which would be line or cross shape along the street and intersection. 
3.3.1 Density-Based Spatial Clustering of Applications with Noise 
Density-Based Spatial Clustering of Applications with Noise is a data clustering 
algorithm proposed by Martin Ester, Hans-Peter Kriegel, Jörg Sander and Xiaowei Xu. It is a 
density-based clustering algorithm: given a set of points in some space, it groups together 
points that are closely packed together (points with many nearby neighbors), marking as 
outliers points that lie alone in low-density regions. 
3.3.2 Getis-Ord Gi* Statistic Analysis 
The analysis tool calculates the Getis-Ord Gi* statistic for each feature in a dataset. 
This tool works by looking at each feature within the context of neighboring features. A feature 
with a high value is interesting, but may not be a statistically significant hot spot. To be a 
statistically significant hot-spot, a feature will have a high value and be surrounded by other 
features with high values as well. The local sum for a feature and its neighbors is compared 
proportionally to the sum of all features; when the local sum is much different from the 
expected local sum, and that difference is too large to be the result of random chance, a 
statistically significant Z score results.  
 
(Source: ESRI website)  
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4. DBSCAN and Hot-spots Results 
4.1 Temporal Distribution 
During National Day’s holiday (October 1st to 7th), trip volume maintains at a high 
level, more than 110,000 trips every day. After the holiday, there is a steep decline in demand. 
Weekends have more trip volume than weekdays (Figure 1). Monday has the lowest trips 
(Figure 2). 
From average hourly trip volume graphs (Figure 3 and 4), we can clearly see two peaks 
in a day – 15:00 and 19:00. In the morning, there is a minor peak at around 8:00. The evening 
also has a minor peak at 21:00. Considering Xi’an’s highly mixed-use land feature, it is very 
unlikely to predict trip purpose based on origin and destination locations. Therefore, from trips’ 
temporal distributions, peaks at 8:00, 15:00, 19:00 and 21:00 might indicate people use 
risesourcing service mainly for commute and recreation. 
            
Figure 1:Daily Trip Volume 10.1-10.30  Figure 2:Average Trip Volume for a Week  Figure 3:Average Hourly Trip Volume 
 
 
Figure 4: Hourly Trip Volume by Day (with hours of each day on the bottom) 
 
4.2 Spatial Distribution 
In DBSCAN result graphs (Figure 5 and 6), bright blue represents the highest trip 
volume. Highest pick-up location is at the intersection of Taibai South Road and Keji Second 
Road, where land is highly mixed-use. There are three highest drop-off locations, one is at the 
intersection that is near Heping Gate subway station. This intersection is also under the Xi’an 
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city wall. The second is at the Changle Park subway station, and the third one is at the 
intersection of Kechuang Road and Rongxin Road, which is located in the same area as the 
highest pick-up location. 
   
         Figure 5: Pick-ups DBSCAN Result                                Figure 6: Drop-offs DBSCAN Result 
 
Getis-Ord Gi* statistic results show the location with clustered pick-up and drop-off 
points (Figure 7). Figure 8 shows the total PUDOs’ spatial distribution. Combining these two 
graphs, I found that significant hot-spots are located on the city’s main axis, Ring Roads and 
tourism areas such as the drum tower and city wall. 
 
    
      Figure 7: Total PUDOs Hot-spots                                 Figure 8: PUDOs DBSCAN Result                              
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5. Street Scale Analysis  
Most streets in Xi’an are not designed for TNC pick-up and drop-off. The most 
common solution now is using the bike lane or rightmost lane as a temporary place for picking 
up and dropping off passengers. In Xi’an, most streets still have an independent bike lane, some 
even have green belt to separate it from car lanes. However, allowing vehicles into the bike 
lanes creates risks for cyclist and pedestrians. For those streets don’t have a bike lane, pulling 
vehicles over to the rightmost lane will cause congestion and create risks for vehicles in-motion. 
To do a more detailed street-level analysis, I picked seven PUDO locations (red circles 
in Figure 9) according to DBSCAN and Hot-spots results, and divided these locations into five 
types based on their surrounding facilities.  
• Type 1: Highly mixed land use area (Location 1, 2 and 4) 
• Type 2: University city (location 3) 
• Type 3: Hospital (Location 5) 
• Type 4: Xi’an railway station and intercity bus station (location 6) 
• Type 5: Tourist attraction (Location 7) 
 
Figure 9: Seven selected Hot-spots 
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5.1 Type 1 – Highly Mixed Land Use Area 
In type 1, three locations are all highly mixed land use. Location 1 is at the intersection 
of Taibai Road and Keji Road. North of the intersection is office and commercial buildings. 
South of the intersection is a pedestrian mall. West and east are colleges and dormitories (Table 
3 land use). Figure 10 shows the difference between pick-ups and drop-offs. Red represents 
drop-offs are more than pick-ups, while purple means pick-ups are more than drop-offs. 
Usually, pick-up will cause more congestion than drop-off because drivers need to pull over 
for several minutes to wait for passengers to reach the location and find the car. Location 1 is 
a hot-spot with the highest frequency of PUDOs and more pick-ups. Therefore, it needs a 
design for TNC drop-off and pick-up. 
Because PUDOs are clustered around the intersection, I choose to focus on street 
sections close to the intersection (Table 3 road sections). Taibai road has two bus stops and 
total of 20 bus routes. There are shared bus and bike lanes on the road. With nine bus routes 
sharing the same bus stop, buses have difficulty pulling over, which sometimes causes 
congestion even without TNC’s service. Therefore, Taibai road is not suitable for creating 
temporary street parking for ridesourcing. However, east of Taibai road is an underground 
pedestrian mall with large ground parking. I would suggest utilizing plaza and ground parking 
to design an area for TNC pick-up and drop-off. This TNC PUDO area could be multifunctional. 
For example, if designed with a shelter, not only passengers who are waiting for pick-up would 
benefit from it, people shopping in the mall will also be attracted to this area to take a rest. 
Adding open seating areas and public art will make this PUDO area become an activity focal 
point and brings livability and vibrancy to the pedestrian mall. 
The aforementioned design method can be used to the north of the intersection as well 
because this office/commercial mixed-use building also has a plaza and parking space. Keji 
Road has street parking and bike lane separated from car lanes with a green belt. For the street 
side that next to the university and dormitories, I recommend to harness street parking space 
and set signage for temporary picking up and dropping off passengers. We can use the same 
method of location  
Location 2 is at the intersection of Taibai Road and Second Ring South Road (Table 4). 
But PUDO locations are more clustered at the north side of Second Ring South Road (east to 
west direction). North of the road is two shopping malls with large ground parking. South of 
the road is college and residential area. Location 4 is at the intersection of Jinhua Road and 
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Changle Road (Table 5). Different from hot-spots where PUDO clustered at the intersection 
like location 1 and 2, this hot-spot is more belt shaped along Jinhua Road. There are office 
buildings, residential neighborhoods, commercial/residential buildings, wholesale market and 
hotels around this hot-spot. There is also a subway station at the intersection. Location 2 and 4 
are both areas that pick-ups more than drop-offs (Figure 10). When setting PUDO areas in 
location 2 and 4, it is the same with location 1 by utilizing street parking, commercial plaza 
and ground parking.  
One special area in location 4 is a subway station with two entrances and exits. From 
the picture, we clearly see a bike-sharing station in front of the entrance/exit. Thus, designing 
a PUDO location beside a subway station helps ridesourcing better connect with other modes 
and encourages the ridership of public transit. 
 
Figure 10. Difference between pick-ups and drop-offs from Oct. 1st to 30th (Red: drop-off more than pick-up) 
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Table 3: Location 1 
 
Land Use Road Sections 
 
 
 
 
  
 
 
Table 4: Location 2 
 
Land Use Road Sections 
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Table 5: Location 4 
Land Use Road Sections 
 
 
 
 
 
5.2 Type 2 – University City 
Location 3 is a university city. The intersection is surrounded by Xi’an Jiaotong 
University and Xi’an University of Technology (Table 6). It also has a subway station. This 
location is different from the locations in type 1 because drop-offs in this area are much more 
than pick-ups (Figure 10), about one hundred thousand. The total PUDOs in location 3 is one 
hundred and twenty thousand. Therefore, this location is the main drop-off destination rather 
than a pick-up area. Considering this, creating specific ridesourcing pick-up locations is not 
necessary. But the city can set new signs to guide ridesourcing drivers to slow down before 
they enter the university area and use the right shared lane which is separated from main lanes 
by green belt when they are close to passengers’ drop-off locations. 
 
Table 6: Location 3 
Land Use Road Sections 
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5.3 Type 3 – Hospital 
Location 5 is at the intersection of Heping Road and First Ring Road. South-east of the 
intersection is a hospital (Table 7). A subway station is located at this hot-spot. North-east of 
the intersection is a tourist attraction. This is a busy intersection with large traffic volumes, and 
both Heping Road and First Ring Road have eight lanes. The aim here is to reduce 
ridesourcing’s conflicts with other vehicles and pedestrians whose destination is the hospital, 
and make sure passengers who go to or leave tourist destination to get off/on ridesourcing as 
quick as possible. For the tourist attraction, ridesourcing can share an existing PUDO area 
designed for taxies. For the hospital, the street design needs to consider huge morning peak 
flow for people going to outpatient and inpatient. Therefore, some temporary parking space 
and waiting line need to be planned near the entrance of the hospital. 
 
Table 7: Location 5 
Land Use Road Sections 
 
 
 
 
 
 
5.4 Type 4 – Xi’an Railway Station and Intercity Bus Station 
Hot-spot at location 6 not only clustered at the intersection, but also along the First Ring 
Road (City Wall). Xi’an railway station is located to the north of the road. There are two 
intercity bus stations around this hot-spot. One is at the opposite of the railway station, and the 
other is at the east of the intersection. Within the City Wall are residential neighborhoods, small 
retail and some inns. There are also four tourist attractions near the hot-spot. The difference 
between pick-ups and drop-offs is light red (Figure 10), meaning that pick-ups are almost equal 
to drop-offs. Xi’an railway station has a taxi parking area and route guide but lack of guidance 
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for ridesourcing. Traffic is chaotic in front of wo intercity bus stations, and even taxi floe and 
parking are out of control. To solve problems in these areas, I think organizing traffic flows is 
more important. If the railway station already had a clear route guide for private vehicles’ 
PUDO, then it only needs to open a zone for ridesourcing vehicles’ PUDO. 
 
Table 8: Location 6 
Land Use Road Sections 
 
 
 
 
 
5.5 Type 5 – Tourist Attraction 
Location 7 is one of Xi’an’s major tourist destinations – City Gate Ruins. In this study, 
December 1st to 7th is a national holiday. Therefore, ridesourcing pick-ups and drop-offs are 
more than usual. Victoria Transportation Policy Institute has a chapter describing how to 
manage tourist travel for efficiency. Basically, improving travel options and reducing 
automobiles traffic in tourist destination are two main ways. Because City Gate Auxiliary Road 
here is a one-way road surrounding the tourist attraction, there is no enough capacity for a large 
volume of ridesouring vehicles. In order to reduce ridesourcing services in this area, the city 
can improve shuttle services including a variety of paratransit services that use small buses or 
vans to provide public mobility. Moreover, since Didi already had service of Didi bus and 
minibus, the city could work with Didi to provide tourist bus service during tourist seasons. 
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Table 9: Location 7 
Land Use Road Sections 
 
 
  
 
5.6 Showcase 
In order to show how a hot spot area might change after considering ridesourcing’s 
pick-up and drop-off, I redesigned location 2 in type 1 – highly mixed land use. From previous 
street scale analysis, we have already known that there is a shopping mall next to the Taibai 
Road and the design of ridesourcing PUDO zone can combine with commercial plaza and 
ground parking.  
Taibai shopping mall is a redeveloped project finished in 2018. The total construction 
area of the project is 125,540 square meters, and the commercial floor is B1-L5 with a total of 
1373 parking. Taibai shopping mall also provides recreation, leisure and food service, which 
makes it a popular destination for residents. Looking at picture 3, traffic flow in this area is 
quite complex. There are a one-way road and an elevated highway around the commercial plaza. 
The plaza provides open space for activities and ground parking. Underground parking 
entrance/exit are located at the two sides of the plaza. A bus stop on Taibai Road is near the 
underground parking entrance. Except for a pedestrian bridge directly accessed to the mall’s 
second floor, there are two main entrances for pedestrian – one between underground parking 
entrance and pedestrian bridge and the other near the underground parking exit. Therefore, 
ridesourcing drivers always pick up and drop off passengers at these two entrances. At the first 
entrance, ridesoucing affects buses pulling over and vehicles going to underground parking. At 
the second entrance, ridesourcing’s PUDO generates congestion on the one-way road and 
conflicts with vehicles going out from the underground parking. 
To solve problems caused by ridesourcing here, a proposed ridesourcing PUDO zone 
is designed at the plaza (see picture 4). A green shelter with benches is designed for passengers 
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to rest while waiting for ridesourcing service (see picture 5). The shelter also contains an 
elevator to the underground floor. The color and the shape should make the PUDO shelter easy 
to find. After reorganizing circulations of ridesourcing vehicles and other traffic (see picture 
4). The impact of ridesourcing PUDO will be minimized.  
 
 
Picture 4: PUDO zone and Circulations 
 
 
          
Picture 3: Taibai Shopping Mall                                              Picture 5: Ridesourcing PUDO Shelter 
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6. Conclusion 
In viewing of hot-spots temporal and spatial distribution, there are some features of 
TNC Trips I found: 1) within a whole weekday, there is a small morning peak compared with 
general transportation; 2) if exclude morning commute. Potential trip purposes are home-based 
none work trip and none home-based trip; 3) TNC data has a potential bias to reflect the whole 
sample of trips; 4) PUDO Hot-spots in Xi’an are located on city’s main axis, Ring Roads and 
tourism areas. 
In Xi’an, lots of PUDOs located at the intersections where surrounding areas are highly 
mixed land use. Because young people are more likely to use ridesourcing, University City is 
the largest drop-off hot-spot. The other three hot-spots are hospital, Xi’an railway station and 
intercity bus station, and tourist attraction. Seven hot-spots have different problems based on 
their street sections and land use type. Accordingly, following suggestions of street design and 
regulatory policy are made for each type of TNC PUDOs. 
• Highly mixed land use areas are the most attractive destination for passengers. Large 
shopping malls or office buildings with ground parking or plaza are always located in 
these areas. Therefore, designing a ridesouring PUDO zone with plaza or parking and 
guiding the ridesourcing flow separate from main streets flow is applicable. In addition, 
cities and TNCs could work with real estate developers together for PUDO zone’s 
design by showing them an attractive design will bring livability and thus create more 
profits. For those areas without plaza and ground parking, cities can use street parking 
space and set signage for temporary picking up and dropping off passengers. 
• Traffic calming is suitable for University City since no specific pick-up locations need 
to be designed. Cities can set signs such as to guide ridesourcing drivers to slow down 
before they enter the university area and use the lane which is separated from main 
lanes by green belt when they are close to passengers’ drop-off locations. 
• For the hospital, the street design needs to consider huge morning peak flow for people 
going to outpatient and inpatient. Therefore, some temporary parking space and waiting 
line need to be planned near the entrance of the hospital. 
• A clear route guide for private vehicles’ PUDO and a zone for ridesourcing vehicles’ 
PUDO is recommended for the railway station and intercity bus station.  
• High ridesourcing pick-ups and drop-offs in tourist destinations always happen during 
tourist seasons. Traditionally, improving travel options and reducing automobiles 
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traffic are two main ways for tourist destinations. Xi’an city can also work with Didi to 
provide shuttle service during tourist seasons based on Didi’s existing bus service.  
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